This paper presents a ray-tracing technique to model the multi-path fading effect in indoor spaces. Random set P of points on all surfaces inside a given hypothetical indoor space are chosen. Each p i ∈ P is considered to be a point from which the transmitted signal reflects just before reaching the receiver. The received signal is the vector sum of various reflections that arrive at the receiver. The received signal strength (RSS) is then computed from the signal envelope. This technique provides RSS statistics that are similar to the models of signal propagation developed after extensive measurements in multi-path environments. In addition, this technique captures the spatial correlation of signal impairment. For example, path loss computed with this technique shows that co-moving receivers experience correlated signal fades while those moving in different spaces see un-correlated fading. The technique presented here is a low cost, first principle approach to simulate channel impairments due to multi-path effect and interference. It benefits any wireless simulation study that needs the signal-space mapping and context such as indoor localization. This randomized ray-tracing technique does not compete with or replace other, more accurate ray-tracing techniques that use either brute force or geometric optics to obtain site-specific signal-to-space mapping.
Introduction
Wireless network simulations have been important since the late 1990s [1, 2] . Early research used these simulators to design layer 2 and above protocols for mobile and dynamic environment. Most of the results were evaluated using simple path loss based radio frequency (RF) propagation models [3] . However, it was soon discovered that simulations needed to model the physical phenomenon more realistically so that results conformed with actual experiments [3] [4] [5] . Simulators were improved to include statistical models for radio-frequency propagation to simulate noise [6] and multi-path fading [7] . These models were based on observations from extensive measurements using single transmitter and receiver pairs in indoor and outdoor environments. Implementation of statistical propagation models allowed researchers to perform controlled study and validation of ideas that combat variations in the physical environment to improve network performance. However, as wireless networks become more ubiquitous, new application scenarios keep arriving. Location based services and applications is one such area where wireless applications have gained popularity. Thus spatial awareness and context has become important. The expectation to integrate trillions of Internet of Things devices in the next generation 5G technology, adds to the need for the device and the network to know the space/spatial context where they are located. One method for spatial awareness at the device level is based on crossreferencing the signal strength measurements at the device with a location database indexed by the RF fingerprint [8] . However, statistical models of multi-path propagation that most network simulators use were not designed to simulate correlated errors based on the space/location of the receiver. As a result, model based simulation fails to capture correlation of signal powers received at two receivers that are moving together. While, experiments have shown that co-moving receivers experience highly correlated RF impairment and hence received signal powers are more correlated compared to those who are away from each other [9] . An alternative to model based simulation of signal propagation and multipath effect is to use deterministic propagation models based on ray-tracing [10] techniques in which the radio propagation at high frequencies can be modelled as rays [11] . Ray tracing can be performed using image theory/geometric optics (GO) [12, 13] or by brute force [14, 15] . In image theory, obstacles are considered mirrors and multi-path is modeled by combining signals that arrive from each mirror image that the receiver casts on the mirrors. In the brute force technique, a large number of rays emanating from the transmitter at various angles are traced until some of them reach the receiver after reflections, refractions and diffractions. Either technique is combined with RF signal propagation principles such as the uniform geometrical theory of diffraction [16, 17] or specular and non-specular reflection and refraction [18] . Ray-tracing techniques provide very accurate site-specific modelling of signal-space mapping and hence are often used for base station deployment and wireless personal area network design. However, both image theory and brute-force based ray tracing requires extensive computations to trace each ray from the transmitter to the receiver. The CPU time used in tracing rays is often an overkill in a simulator which is primarily designed to evaluate algorithms and protocols at layer 2 and above [19] .
In this work, our attempt is to develop an approximation of the ray-tracing technique. Our goal is to build a technique that can be implemented as a radiofrequency propagation model in network simulators without adding much to the simulation complexity. Thus, we seek a simpler and computationally cheaper solution compared to brute force and image theory/geometric optics. We present a randomized Ray-Tracing approach that has the same statistical properties as the various well known multi-path fading models and yet provides the spatial correlation characteristics which is modelled by traditional ray-tracing techniques. We do not claim to replace site-specific modellers such as CINDOOR [11] and other AutoCad tools. Instead, we propose that our technique can be used to implement a signal-space map that is needed to test algorithms that need a method to compute spatial contexts.
There are several reasons for developing and increasing realism in the wireless propagation models in network simulations. Our main motivation is not just the conformance of simulation and experiments but also the ability to use simulations for indoor wireless localization research. We would like to model co-location and co-movement of localization targets by realistically modelling signal-to-space mapping of signal strengths received by the targets. This research also enables us to study other network and communication paradigms such as geo-messaging [20, 21] , efficient geo-and broad-casts in ad-hoc and sensor networks as well as spatial spread of bursty errors often seen in wireless network.
We will describe our research in the following sections. First we provide the necessary background of wireless communication literature in Section 2 and present results for co-movement and signal-space map in the popular ns3 simulator [22] in Section 3. We explain the randomized ray-tracing model in Section 4 along with results showing statistical similarities with models built by researchers through extensive experiments. We then show features that are useful in indoor wireless localization such as the signal to space mapping, distance estimation, triangulation and leader election in co-operative localization. We present conclusions in Section 6.
Background
Wireless communication literature such as the textbook by Rappaport [23] contains a rich set of RF propagation models. Large scale and distance dependent RF impairment are modelled as a log-distance propagation loss. If the path loss is known at a reference distance d 0 from the transmitter, then the path loss (in dB) at distance d > do is:
The received power at reference distance is derived from Friis path loss model given by:
where G t and G r are transmitter and receiver antenna gains, P t is the transmit power and λ is the signal wavelength.
If a large obstacle is present in the environment, the received signal is affected by shadow fading. The shadow fading at a receiver is modelled as a Gaussian variable whose mean depends on the distance between the receiver and the transmitter. If X σ is a zero mean Gaussian variable with standard deviation σ, path loss in dB due to shadow fading is modelled as:
Small scale and variable RF impairment in wireless communication is modeled as flat or frequency dependent and fast or slow multi-path fading. In indoor environments and for narrow-band technologies such as Wi-Fi, flat fading is relevant which are modeled as Rayleigh and Ricean distributions. If a strong line of sight component is not available, the probability distribution p R (r) of the random variable R whose variance is σ 2 , is modeled as a Rayleigh distribution
When a LOS signal component is present, the received signal is modelled as a Ricean distribution. The equation below shows the Ricean distribution where Ar is the amplitude of the dominant signal, A is the amplitude of a reference signal, and I 0 is the modified Bessel function of the first kind and 0th order.
These models are implemented in network simulators to model received signal impairment under various channel conditions.
Experiments in the nsSimulator
The ns3 simulator [22] implements several path loss models. The Friis propagation loss model is implemented with default frequency set to 5.15 GHz and unit gain antenna are assumed. The log distance propagation loss model uses the reference distance of 1m and the path loss P L 0 is the Friis loss for distance 1m. Thus LDPL inherits the antenna gain and frequency settings from Friis. The three log distance propagation loss model is implemented with three reference positions instead of one position as in the LDPL model. The simulator also implements the Jakes model to simulate Rayleigh fading. However, Jakes model is deterministic and does not simulate variations over time. Therefore, Rayleigh fading in ns3 is often simulated as a special case of Nakagami-m distribution. The probability density function of received signal power of this distribution is given as:
The parameter m in the Nakagami-m model is the shape factor and ω is the average received power. When m = 1, the Nakagami distribution is equivalent to the Rayleigh fading with exponentially distributed instantaneous power. For other values of m, Nakagami distribution and Ricean distribution match near the mean values. Besides these models, ns3 has a Okumura Hata propagation loss model, which models open area path loss for distances more than 1 Km and frequencies ranging from 150 MHz to 2.0 GHz.
A building propagation loss model is available in ns3 to model path loss due to shadow fading and penetration through walls. This model takes, as input, the interior and exterior building material (concrete, wood), other properties (windows or no windows), geometry in terms of boundary, number of floors, number of rooms along X and Y dimensions, and dimensions of walls. These parameters are then used to determine the internal and external wall penetration loss when the receiver and transmitter are separated by several rooms or floors or when they are in the same room. As evident from this description, the building is configurable as a box with symmetric floor plans at each level with rooms of same size. While more sophisticated floor plans can be implemented with moderate software development effort, for the sake of simulator performance, a simplistic model is sufficient. Although the building material, geometry and floor plans are taken as input, the goal in ns3 is to specifically support mobile radio communication in LTE simulations rather than spatial context discovery through wireless signal mapping. However, since this is the closest ns3 gets to simulating indoor channels, we use this model to determine received power in both LoS and NLoS conditions to simulate Ricean and Rayleigh fading respectively in a room. Since the building propagation loss model is designed to simulate the effect of buildings and urban clutter on cellular communication, it only computes losses between a mobile and a fixed cellular base station. The losses are computed once and then the values reused for the rest of the simulation. Therefore, we use this model in scenarios where we require one time computation of losses. For scenarios where signal variation over time and space are needed, we use the Nakagami-m model to simulate Rayleigh and Ricean fading and the Random fading model with Gaussian random variable to simulate shadow fading.
Setup and Parameters
We changed the default propagation parameters in ns3 simulator to adapt to indoor wi-fi simulations. The simulation parameters are shown in Table 1 . The Friis propagation loss at reference distance of 1m was changed to 19.99 dBm which is the loss at 1m with 2.45 GHz frequency. We made these adjustments in all propagation models that are available in ns3 and which use the reference distance and power at 1m in their calculations. We use the Log Distance Propagation loss model to compute received powers for LDPL experiments and added Gaussian Random number N (0, 4) in Shadow fading results. We configured the building propagation loss model with a building which is six times the size of the room that we want to simulate. Thus there are with nine rooms on each floor (3 along each axis) and two floors. All signal strength experiments are performed for the room in the center of the building on the first floor. These choices were to avoid excessive external wall losses that appear along the edges when a room that has an exterior wall is selected. When a line of sight signal is present, the transmitter is placed in the middle of the room at 2m height. When there is no line of sight signal, the transmitter is placed in the room directly above.
Signal-Space Map
We compute the signal strength profile in rooms of two sizes: small 5m × 6m × 5m and large 25m × 20m × 5m. A transmitter is placed at the center of the room and the received signal strength is computed at 3000 points uniformly placed in the small room and 50000 points in the large room. The distance between adjacent points is 0.1m. Figure 1 and 2 shows the signal-space map in the small and big rooms respectively. As expected, the signal profile is a set of concentric disks when only log-distance propagation loss model is used and since the model does not consider any variations due to walls, room shape or presence of objects. Figure 1 (b) and 2(b) show the results when shadow fading is present in the same space. The presence of shadow fading without regards for the objects that caused the fading are not expected to show any spatial characteristics of either space. Figure 1 (c) and 2(c) used the building propagation loss model with the transmitter placed in the second floor and hence there is no LoS signal. Again, the signal map is more-or-less uniformly random with no specific spatial features or pattern. Similarly, the Rician fading simulated with the transmitter in the first floor shows a strong signal at the center of the room but the general signal profile does not represent specific room geometry or shape. Indoor localization algorithms depend on the spatial features that show up when signal is received and the absence of the features in ns3 simulation makes it unsuitable for evaluating localization algorithms. 
Co-Moving and Non Co-Moving Receivers
We simulated co-moving receivers in ns3. Two receivers 'A' and 'B' that started at the same point (0, 0) and moved together were simulated. Similarly we simulated a third receiver 'C' that started at (200, 0) and moved toward the first two receivers. The received signal strength at each receiver A, B and C from a transmitter placed in the middle of the room was recorded. Sets of 60 signal strength samples at A, B and C were taken at each position and correlation coefficients of sample sets at the pairs A-B, B-C and A-C are computed. These steps are repeated for each position throughout the trajectory and results for Nakagami and Random fading models are shown in Figure 3 . We observe that regardless of how the three transmitters move (together or not), the received signal strengths have no significant correlation. This defies intuition and also contradicts the empirical results obtained by Chandrasekharan et al., [9] .
Discussion
The fundamental reason why simulators, such as ns3 [22] , are unable to model the realistic spatio-temporal variations is because signal-space characteristics at larger distances such as two receivers in a room, is not understood sufficiently to be mathematically modeled. There has been efforts in wireless communication to model spatial correlation of Rayleigh faded channels [24] , however, the models are designed for very close distance such as in multiantenna and MIMO communication systems. Therefore, one of the research problems that one could solve is to obtain empirical data to understand and model all dependent variables that lead to the signal to space correspondence of signal strength values observed in experiments. Once the phenomenon is understood, multi-variate distributions using Copula [25] theory could be used. However, tremendous amount of measurement efforts will be required to build a robust model of this dependence structure. We describe a computationally easier solution, that is based on ray tracing, in the next section.
Randomized Ray-Tracing Simulator
Ray-tracing requires finding several paths through which reflected, refracted and scattered components of a transmission reach the receiver. Ray tracing, combined with RF propagation principles, provides deterministic models of signal propagation that can be site-specific and hence come close to reality. The accuracy of ray-tracing increases with the number of signal paths that are traced [26] . Various AutoCAD tools (such as PlaceTool and iBwave) are available for such estimates and can be used to generate site-specific signalspace maps. In general, the ray-tracing tools are used for network planning and design rather than simulating wireless networks and protocols. Recently, a combination of image processing and ray-tracing was proposed to simulate site-specific signal-space profile for use in indoor localization [27] . It is also possible to use traces from CAD or real experiments as inputs to network simulators. However, this offline/trace driven approach loses accuracy if the network nodes are expected to move around during the simulation which can change the signal-space profile.
We take a middle ground between site-specific information and statistical models to achieve signal to space mapping in hypothetical indoor environments with walls and ceilings while using very little additional computation time. We approximate ray-tracing approaches by randomly selecting a set of points of reflection P on the surface of all obstacles in an indoor space rather than finding points of reflection through brute-force or geometric optics. We assume that the set of points P are where the transmitted signal bounces off just before reaching the receiver. We then compute the distance between transmitter and each p i ∈ P and also from p i to the receiver. These distances are used to compute the amplitude and phase of the received signal component as described below.
In a multi-path environment the composite received signal is the vector sum of the signals arriving from each path. Assuming that a ij is the reflection coefficient for surface of the jth reflection of the ith path that arrives at the receiver, then the overall reflection factor is
Given that λ is the signal wavelength and A 0 = √ P 0 where P 0 is the received signal at reference distance d = 1m from of the transmitter, then the amplitude and phase of the received signal at a receiver is a combination of the instantaneous signals arriving from L paths including the direct line of sight signal from the transmitter. If d i (t) is the distance travelled by the ith path at time t, then
The received power P r (t) at the receiver r at time t is then given by [28] P
In simulations presented in this paper, we use 6 reflectors on each surface and all surfaces have the same reflection coefficient. Therefore, we drop the subscript from a ij and write the reflection coefficients of the kth reflector on a surface as a k . We simplify the computation of distance travelled by each path by simply using d i (t) as the sum of straight line distances from the transmitter to the point of reflection p i and the distance from p i to the receiver. In geometric optics, this will be the straight line distance of the receiver from the mirror image of the transmitter (or vice-versa) for the first reflection. Since we choose a different set of points P at every instant of time t, we obtain a time-varying signal at the receiver. This time variation simulates multipath fading due to movements in local environment even if the transmitter and receiver are stationary. Our goal is to simulate stationary indoor environment where Doppler effect plays very little role. Therefore, our simulator does not model the effect of moving transmitters and receivers. We simulated this approach in MATLAB. We constructed simple clutterfree models of indoor spaces with 6 reflectors created on each of the four walls as well as the floor and the ceiling. We generate 60 sets of such points to simulate time variation. The transmit power is set to 100 mW, transmit and receive antenna gains are 1.64 and 2.65 respectively, the operating frequency is 2.45 GHz and the reflection coefficient of the surfaces is α = −0.7. We present results from various experiments using our ray tracing simulator in the following sections.
Distance-Power Relationship
We simulated the distance power relationship in 100m long spaces of various heights and widths. In these simulations, the transmitter height is 3m and receiver height is 1m. The transmitter is located at (0, W idth/2). The receiver is initially located at (0.1, Y/2) and the locations is changed along a line parallel to the X axis at 0.1 m increments. At each new position of the receiver, the received power is computed with the same set of reflectors and an average over 60 readings is computed. There is a straight line of sight component from the transmitter to the receiver in these experiments. The distance power relation is shown in the results presented in Figure 5 along with multipath characteristics. The signal strength fluctuates due to multipath fading which is consistent with empirical data. We fit a curve a + 10 log 10 x b to the graph where b is the path loss exponent and a is the path loss at distance 1m. The value of the exponent, with 95% confidence interval, as shown for each figure, varies from ≈1.44 to ≈1.72 while the path loss at the reference distance is between −16 and −17 dBm. In indoor localization applications, such models computed through experiments for a specific indoor setup, is used to estimate distances between a target and fixed reference locations. These distances are used in trilateration algorithms to compute the target location. Therefore, we estimate distances of a receiver placed in various locations in the long narrow alley scenario and plot the Estimated vs Actual distance from the transmitter in Figure 6 and the distance estimation error in Figure 7 . We found that with 95% confidence that the error distribution has a Student's t-distribution with mean -0.266 and standard deviation is 4.97. We further use three transmitters as reference points to compute distances from the powers of signals received from a single receiver. We draw circles with transmitters as centres and the computed distance as radius. We find that for any given room geometry for which we have previously computed the path loss model, we can reliably locate the receiver at the region of intersection of the three circles as shown in Figure 8 . There is a 7-10m location estimation error since the absolute location cannot be determined and only a range of possible locations is available. This distance and location estimation error can be reduced by increasing the number of reference points and by using better algorithmic techniques. The experimental results we present here, shows that the randomized ray tracing simulator does not reduce the challenges of inaccurate measurements and hence can replace field experiments in indoor localization research. Thus algorithmic techniques to reduce the localization error can be studied in repeatable simulations using our system rather than spending valuable research hours in tedious measurements. 
Spatial Correlation
We experimented with co-located and separately located receivers by simulating three receivers A, B and C. A and B are placed very close to each other (approx 0.01m) near (X = 0, Y = 1, Z = 1) while C is placed at (X = 200, Y = 1, Z = 1). The signal strengths using the ray tracing approach is measured at each receiver. This is repeated for 60 different placements of the reflectors. Same sets of reflectors are used to compute signal strengths at each receiver. The correlation coefficient of the signal samples at the three pairs A-B, B-C and A-C are computed. Next A and B are moved 0.1m toward C and C is moved 0.1m toward A and B along the straight line and the Figure 9 Correlation of signal strengths at receivers moving together and opposite directions using randomized ray-tracing model. above measurements are taken again using the same set of reflectors and the correlation coefficients are computed. These experiments are repeated until the receivers reach the opposite ends. The correlation coefficients at each position are shown in Figure 9 . These results show that the co located receivers experience correlated signal strengths while the signal strengths at separately located nodes has close to zero or negative correlation except at 100m when all three receiver meet in the center of the room. The methodology used in this experiment is similar to the field experiment performed by Chandrasekaran et al. [9] who also presented the same conclusions.
LOS and Non-LOS Multi-Path Characteristics
We simulated single transmitter-receiver scenarios to obtain statistical characteristics of signal strength in a multipath environment. In this simulation, the transmitter and receivers are at a fixed location and signal strengths at the receiver is computed at one second intervals. We select a new set of reflectors for each second to obtain 60 sample values in mW. We compute the probability distribution of the received signal strengths. Figure 10 shows that the in the absence of Line-of-Sight (nLoS) the signal strengths has a corresponding Rayleigh distribution parameters σ = 0.0021 mW and in the presence of a strong LoS component, the parameters for a Ricean fit is σ = .0016, μ = 3.75. We do not get exact correspondence with the Ricean distribution in the LoS case but the nLoS signal comes close to being a Rayleigh distribution. 
Signal-Space Maps
We present the power map in a large and a small room as computed from the randomized raytracing approach. We simulated two room sizes (5m × 6m × 3m) and (25m × 20m × 5m). We placed a transmitter in the middle of each room and obtained signal strengths at various points in the room using the same set of random reflectors. We also compute the average signal strengths over a course of 60 measurements by changing the set of reflectors for every measurement and then taking an average for each point in the simulated space. We used a transmitter in the middle of the room at 2m height to obtain results in LoS environment. For NLoS environment, we place the transmitter at 6m so that it is outside the room and the LoS signal is not used in the calculation of received envelop. Figure 11 shows the results in both LoS and NLoS environment. We see that the received power in the rooms depends on the shape and size of the room. There is clearly higher received power close to the transmitter even in the NLoS environment. Unlike the ns3 results, the signal power is not arbitrarily random throughout the room. The region of high power near the transmitter is elliptical due to rectangular shape of the room rather than circular as in ns3. We expect to see further location dependent characteristics as the room gets cluttered with objects and reflectors are chosen on obstacles other than walls, floor and ceiling.
Additional Reference Points for Trilateration
We end the description and characterization of our simulator by presenting results from the affinity propagation technique that can be used to select additional reference points [29] for trilateration based indoor localization. These reference points can be used to compute distances for trilateration and hence improve localization accuracy. We explore the affinity propagation technique which has been proposed for image recognition, finding key sentences in prose and other applications where a set of exemplar or leaders can be used to define the remaining system [29] . In indoor localization, this technique can be applied to select the best nodes that can then be used to find more reference distances for location computation and hence improve location accuracy. We describe the general affinity propagation approach below and present results from our simulator to demonstrate how indoor localization can use this technique to select exemplar devices.
Affinity Propagation
For each pair of devices, the location estimate is used to define similarities between two devices. We define similarities as the negative estimated Euclidean distance between them i.e. s i,j = −dist(n i − n j ) where i and j are the device ids and n i and n j are their locations. Then "responsibility" matrix r(i, k) ← s(i, k) − max k =k {a(i, k ) + s(i, k )} quantifies how well-suited k is to serve as the exemplar for i, relative to other candidate exemplars for i. The suitability is defined in terms of relative distances between i and other nodes in the sub-region. A nearby device will be a more suitable as an exemplar compared to one that is further away. Similarly, an "availability" matrix a(i, k) ← min(0, r(k, k) + i / ∈{i,k} max(0, r(i , k))) and a(k, k) ← Σ i =k , max(0, r(i , k)) to represent whether node i would be available to be an exemplar for node k. The availability, in our application, depends on the density of devices in the neighbourhood of each exemplar. In our initial experiment, we started with all nodes as exemplars and with the goal of reaching the minimum number of exemplars. The exemplar set is reduced with each iteration of the affinity propagation algorithm. Results, using our simulator, in a 50 node scenario shows that the algorithm converges in just three iterations (Figure 12(b) and (c)).
Conclusion
We have presented a technique to implement more realism in network simulations. Our technique produces signal distribution characteristics similar to statistical models that were built in the past. We were also able to simulate correlated errors in close spaces by showing correlated fading for co-moving receivers. In the future, we propose three research directions. First a comparison with geometric optics and brute-force techniques to understand the amount of realism that we forsake by randomizing the selection of reflectors.
Second, a measurement campaign to obtain spatio-temporal map of signal strengths in an indoor space to gather statistics such as correlation of signal at similar spaces such as corners and around obstacles. Third direction is to evaluate the effect and utility of incorporating our model in various wireless network simulation studies. 
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